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$EVWUDFWEvery year thousands of lives and millions of dollars are lost during natural catastrophic
events. Data scientists have recognized the value of employing data mining techniques for evaluating
these events to assist in understanding trends, predicting future disasters, and assessing vulnerability
of populations. The goal of such analysis is to prepare governments for emergency response and
relief efforts as well as to formulate strategies for future disaster mitigation. In addition, increasing
pressures from a growing world population further emphasize the need for governments to seek
viable solutions for balancing human needs with environmental constraints. Identifying populations
vulnerable to environmental calamities includes analysis of past events to identify patterns which may
identify at-risk populations and improve predictions of future events. Past analytical techniques used
common statistical methods; however, recent developments in the field of data science and Big Data
technologies have enabled data scientists to apply predictive and descriptive techniques accurately
and economically. In this work, both supervised and unsupervised learning techniques will be applied
to natural disaster data extracted from the Emergency Events Database (EM-DAT) for North America,
Central America, and the Caribbean. Unsupervised, descriptive analytics were performed using the
density based clustering algorithm DBSCAN to identify notable patterns in the disaster data. A
supervised, predictive model was built using an artificial neural network to predict the potential
monetary impact of natural calamities based on region, country, and natural disaster type. 
 %$&.*5281'
In 2005, Hurricane Katrina, one of the 5 deadliest hurricanes in U.S. History, caused billions of dollars
in damage to the Louisiana and Mississippi coastlines and over 1800 people lost their lives.
According to the Federal Emergency Management Agency (FEMA), property damage estimates are
still being calculated with estimates ranging from $105 billion (FEMA, 2013) to a preliminary (never
finalized) report from economists Burton and Hicks (2005) estimating damage costs at $366 billion.
The catastrophic failure of the New Orleans levee system resulted in 80% of the city and neighboring
areas being flooded and a lawsuit being brought against the Army Corps of Engineers for what was
describHGDVWKH³ZRUVWFLYLOHQJLQHHULQJGLVDVWHULQ86+LVWRU\´/RFDO1HZ2UOHDQVJovernment
officials and FEMA were subjected to heavy criticism for their inadequate response and mishandling
of the aftermath of the storm (Knabb et al., 2005).
As a direct result of Katrina, an Interim National Preparedness Goal was issued in 2005 by the U.S.
White House and in 2011, this goal was revised in the Dept. of Homeland 6HFXULW\¶V National
Preparedness Goal document to define preparedness success as: ³$VHFXUHDQGUHVLOLHQW1DWLRQZLWK
WKHFDSDELOLWLHVUHTXLUHGDFURVVWKHZKROHFRPPXQLW\WRSUHYHQWSURWHFWDJDLQVWPLWLJDWHUHVSRQGWR
DQGUHFRYHUIURPWKHWKUHDWVDQGKD]DUGVWKDWSRVHWKHJUHDWHVWULVN´ Natural disasters represent
significant safety, economic, and security threats, and the formalized goal focused communities on
developing adequate prevention, mitigation, response and recovery plans.
While marked strides have been made towards this goal, much work remains to be done. In 2012,
Hurricane Sandy (aka Super-storm Sandy) carved a devastating path from the Caribbean to the
United States East Coast. Described as the second-costliest hurricane in United States history,
damage was estimated at over $68 billion (2013 USD from March 2014 estimates) with at least 286
people killed in seven countries (Sullivan et al., 2013). Only Hurricane Katrina exceeded these totals.
While emergency response to Sandy was improved in part due to improved FEMA emergency
response processes, the economic loss was devastating.
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While these major events command headlines due to the sheer magnitude of destruction, frequent,
smaller events also have significant impact as accumulated damage costs and total loss of human
lives can exceed even the single largest natural disaster. The EM-DAT data include features from a
variety of disaster types, both small and large, which have been evaluated to identify notable cluster
patterns as well as to build a predictive model to help determine the potential monetary impact of
natural calamities based on region, country and natural disaster type.

 02'(//,1*$3352$&+

The analytics outlined are based on open source technology, :HND the Waikato Environment for
Knowledge Analysis (Hall et al., 2009). A clustering analytical technique was used in addition to a
predictive classifier.
&OXVWHULQJLVWKHSURFHVVRIJURXSLQJWRJHWKHUVLPLODUGDWDRU³REMHFWV´WRLGHQWLI\FODVVHVDQGDOORZV
for exploratory analysis of the data (Fayyad et al., 1996). Clustering algorithms are defined as
³XQVXSHUYLVHG´LQWKDWWKH\DWWHPSWWRLGHQWLI\KLGGHQSDWWHUQVRU³FOXVWHUV´LQWKHGDWD5HVXOWVIURP
clustering algorithms are dependent on the inherent relationships in the data attributes selected as
well as parameters fed to the clustering algorithm, so not all clustering algorithms would be able to
model the data satisfactorily and identify the relevant clusters. Experimentation with various
clustering algorithms and their parameters is necessary to arrive at the appropriate clustering model.
The unsupHUYLVHGOHDUQLQJDOJRULWKP'%6&$1 ³GHQVLW\EDVHG´FOXVWHULQJ ZDVXVHGWRHYDOXDWHWKH
disaster data. DBSCAN identifies clusters based on a predetermined number of data points needed
to create a cluster as well as a distance parameter (߳) entered as input to the algorithm. Density
based clustering groups data points based on their distance or proximity to other data points thereby
creating clusters of neighboring data points. Data points which do not satisfy the input parameters are
classified as noise and are discarded from the results (Campello et al., 2013)
A predictive model was built using an Artificial Neural Network (ANN). The ANN is a supervised
learning algorithm inspired by the biological neural networks of the human brain. As brain activity
occurs and new information is processed, the brain learns and the connection between neurons
associated with that brain activity is strengthened. The ANN utilizes the dataset attributes as input
nodes which simulate biological neural network neurons. As each attribute in the data set is
SURFHVVHGWKURXJKWKH$11DOJRULWKPWKHDWWULEXWH³ZHLJKW´LVPRGLILHG LQFUHDVHG DVWKHDOJRULWKP
performs classification of the target variables. Once the model is completely trained, the attributes
that have stronger influence to classify the target variable will receive the stronger weight (Tan et al.,
2005).
$V³XQLYHUVDODSSUR[LPDWHUV´DUWLILFLDOQHXUDOQHWZRUNVFDQKDQGOHDQ\W\SHRIFODVV WDUJHW YDULDEOHV
such as binominal, continuous, discrete etc. This feature of neural networks makes them capable of
performing both classification and regression machine learning tasks (Tan et al. 2005). In this paper,
the use of ANN is demonstrated to build a model that can predict the potential impact associated with
natural disasters by region, country and natural disaster type.


'$7$6285&(

Data for this analysis have been obtained from the Emergency Events Database (EM-DAT)
International Disaster Database which was created in 1988 by the World Health Organization (WHO)
Center for Research on the Epidemiology of Disasters (CRED) with the support of the Belgian
government. The data represent a compilation of catastrophic natural events collected by CRED from
1900 through the present. The data are verified and validated from a number of sources including
the United Nations, governmental and non-governmental agencies, insurance companies, research
institutes and press agencies (EM-DAT). The extracted, raw EM-DAT data includes the following
information:
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$WWULEXWH
6WDUW'DWH
(QG'DWH
&RXQWU\
/RFDWLRQ
7\SH
6XE7\SH
1DPH
.LOOHG
7RWDODIIHFWHG
(VWLPDWHG
'DPDJH
'LVDVWHUQXPEHU

'HVFULSWLRQ
Start Date the disaster occurred in the format DD/MM/YYYY.
End Date the disaster occurred in the format DD/MM/YYYY.
Country(ies) in which the disaster has occurred.
Specific location of the disaster.
Description of the disaster according to a pre-defined classification.
A sub-set of natural disasters only are being evaluated.
A further break-down of the disaster type.
Name given to the event (e.g., Hurricane Edward)
Persons confirmed as dead and persons missing and presumed
dead (official figures when available).
Sum of injured, homeless, and affected.
Several institutions have developed methodologies to quantify these losses
in their specific domain. However, there is no standard procedure to
determine a global figure for economic impact. Estimated damage are

given (000¶) US$.
A unique disaster number for each event (8 digits: 4 digits for the
year and 4 digits for the disaster number - i.e.: 19950324).

* Source:"EM-DAT: The OFDA/CRED International Disaster Database, www.emdat.be - Université
catholique de Louvain - Brussels - Belgium" (http://www.emdat.be/criteria-and-definition)


'$7$35(3$5$7,21

'LVDVWHUVDUHHQWHUHGE\FRXQWU\$XQLTXH³GLVDVWHUQXPEHU´LVDVVLJQHGWRHDFKHQWU\VLQFHD
specific disaster could impact multiple countries. For the purposes of this paper, examination of
disasters experienced by a specific region (which includes multiple countries) will be analyzed
regardless of whether or not it is the same event which may have occurred across countries. This
may cause a disaster to be counted multiple times. Epidemics, mass movements dry/wet, and insect
infestations will not be evaluated and were removed. A total of 2059 instances were used for
evaluation of Region, Sub-Type, and Year. When evaluating Total Estimated Dollars, instances
missing this value were also removed.
Data preparation included the following: (1) Extracted all data as described previously from EM-DAT
from 1900-2013 for North America, Central America, and the Caribbean; (2) Unique, continuous, or
irrelevant features were removed including Disaster Number (unique identifier), Start/End Dates (year
extracted /RFDWLRQ JHQHUDOL]HGWRUHJLRQ 1DPH LUUHOHYDQWIRUWKLVSDSHU¶VSXUSRVHV DQG7\SH
(Sub-Type used to evaluate more specific disaster events); (3) The Year was extracted from start/end
dates and converted to a range in 10 year increments from 1900 ± 2010, then 2011-2013; (4) Region
manually added for area generalization. Only data from the North American, Central American, and
Caribbean regions were evaluated; (5) Capitalization inconsistencies edited: Sub-type Flash Flood>Flash flood, Scrub/Grassland fire->Scrub/grassland fire, Storm surge/coastal Flood->Storm
surge/coastal flood; (6) Missing Sub-7\SHGDWDIRU7\SH³6WRUP´ZDVUHSODFHGZLWK³/RFDOVWRUP´
since those disaster events identified aV7\SH³6WRUP´ were localized weather events spanning a
limited geographic area; (7) Sub-7\SH³*HQHUDO)ORRG´UHSODFHGZLWK³)ORRG´  Instances with Type
of Epidemic and Mass Movement Wet/Dry were removed; (9) For cluster analysis, Damage Estimates
were manually discretized. Total Estimated Dollars ($) range of <10, 10-100, 100-« 900-1000, >
1000 was added. 1155 instances were missing Damage Estimates and were removed leaving 904
instances to be evaluated for this feature. (10) For predictive analysis using multi-layered perceptron
ANN model, Weka was used to discretize Damage Estimates to create ranges. Analysis was
performed on North America data only for Canada, U.S., and Bermuda. To train the model, extreme
events (greater than $5000 USD millions) were also removed leaving a total of 471 instances
evaluated.
Analysis by Region/Calamity Type/Decade used a final dataset of 2059 total instances with the
following features:  Year;  Region ± North America, Central America, and Caribbean; 
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Country;  Killed;  Tot Affected;  Est. Damage (US$ Millions);  Est. Damage Range (US$
Millions);  Sub-Type. Sub-Types include the following:

Sub-Type Frequency Distribution
Extreme winter conditions
Extratropical cyclone (winter storm)
Bush/Brush fire
Tsunami
Wildfire
Storm surge/coastal flood
Scrub/grassland fire
Heat wave
Cold wave
Flash Flood
Volcanic eruption
Drought
Forest fire
Earthquake (ground shaking)
Flood
Local storm
Tropical cyclone

1
1
1
4
6
15
15
28
30
42
47
77
82

0

No. of Occurrences

137

480
512
581

100 200 300 400 500 600 700

Cluster analysis of Estimated Damage used a final dataset containing 904 total instances. Instances
missing this attribute were removed. Frequency distribution is as follows:

Sub-Type Frequency Distribution
Tsunami
1
Extratropical cyclone (winter… 1
Bush/Brush fire
1
Heat wave
4
Wildfire
5
Volcanic eruption
6
Storm surge/coastal flood
6
Scrub/grassland fire
8
Cold wave
11
Flash Flood
12
Forest fire
32
Drought
35
Earthquake (ground shaking)
68
Flood
Local storm
Tropical cyclone
0

No. of Occurrences

166
219
329

50 100 150 200 250 300 350

 '(6&5,37,9($1$/<7,&6:,7+'%6&$15(68/76 $1$/<6,6

&OXVWHUVE\5HJLRQ6XE7\SH &DODPLW\7\SH 

,QLWLDODQDO\VLVXVLQJ:HND¶V'%6&$1DOJRULWKPEHJDQE\HYDOXDWLQJRQO\WKH5HJLRQDQG6XE-Type
features. The algorithm generated clusters based on a distance parameter ߳ of .9 and minimum data
points per cluster (minPoints) of 50. 12 clusters were generated with 366 unclustered instances out
of 2059 instances.
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Clusters by Region/Calamity Type
4%

Caribbean Tropical Cyclone
Caribbean Flood
Central America Flood

7%

18%

11%

6%
11%

28%

10%

5%

Central America Tropical Cyclone
Central America Earthquake (ground
shaking)
North America Local Storm
North America Flood
North America Tropical Cyclone
North America Forest Fire

Local storms in North America represented the largest cluster with 28% of clustered instances.
Tropical cyclones in North America, Central America, and the Caribbean totalled 35% of clustered
instances, while floods totalled 29%. Forest fires and earthquakes represented 4% and 5%
respectively.


&OXVWHUVE\'HFDGH

Adding the decade year range resulted in the following output from DBSCAN:

Clusters by Decade
7%
19%

7%
8%

14%

10%
10%

13%

1991-2000 North America Local
Storm
2001-2010 North America Local
Storm
2001-2010 Caribbean Tropical
Cyclone
1981-1990 North America Local
Storm
2001-2010 Central America Flood
2001-2010 Central America
Tropical Cyclone
2001-2010 North America Flood

12%
1991-2000 North America Flood
1991-2000 Caribbean Tropical
Cyclone

Clusters generated by adding the year resulted in ORFDOVWRUPVLQ1RUWK$PHULFD from 1981-2010
being the predominant natural disaster. These represented 45% of the total clustered instances.
Flooding and tropical cyclones represented 30% and 25% respectively from 1991-2010 and covered
all 3 regions. Annual recorded disaster activity significantly increased between 1991 ± 2010. While
the significance in yearly recorded data could be due, in part, to the decades from 1991-2010
representing improved tracking from major technological advancements, the results could also
indicate that there was an increase in significant natural disaster activity during this period. When
compared to the results which excluded the year range, there is an absence of other disaster subtypes, and the predominant disaster is consistently local storms in North America, with tropical
cyclones and floods following close behind.
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&OXVWHUVE\7RWDO'ROODUV,PSDFW

The following analysis includes the estimated total dollar impact by dollar range (M= USD$Millions).
MinPoints was adjusted to 20. Ranges are from less than 10M to 10-100M, 100-0«-1000M,
and greater than 1000M. 1155 instances were removed with missing damage estimates leaving a
total of 904 instances for evaluation.

Clusters by Total Dollars Impact

Caribbean 10-100M Tropical Cyclone
North America 10-100M Local Storm
Caribbean LT 10 Tropical Cyclone

6%

7%

16%

North America GT 1000M Local Storm

7%
13%

7%
9%

North America 10-100M Flood
North America GT 1000M Tropical
Cyclone
Central America LT 10 Tropical Cyclone

13%
10%

12%

Central America LT 10 Flood
Central America 10-100M Tropical
Cyclone
An analysis of damage estimates related to catastrophic natural disasters reveals that, of the
clustered instances, tropical cyclones in the Caribbean accounted for 16% of damage estimates
between $10-100 million USD. Tropical cyclones with damage estimates less than $10 million USD
followed with 13% as did local storms in North America with damage estimates between $10 ± 100
million USD. In total, tropical cyclones represented 52% of clustered instances while local storms
represented 31%. Flooding also made an appearance in Central America representing 7% of
damage estimates less than $10 million USD, and 10% in North America with damage estimates
between $10-100 million USD. Tropical cyclones appeared to cause extensive damage in all three
regions with North America reporting significant damage estimates over $1 billion USD.


&OXVWHUVE\<HDU5DQJHDQG(VW0LOOLRQVLQ'DPDJHV

In evaluating the period of the event along with estimated total dollar impact, MinPoints was set to 15.
The 904 instances which included the estimate of damages range are being evaluated.

Clusters by Year Range and Est. Millions in Damages
16%

2001-2010 Caribbean Tropical
Cyclone LT 10

17%

15%

2001-2010 Caribbean Tropical
Cyclone 10-100M

17%

2011-2013 North America Local
Storm GT 1000M
2001-2010 North America Local
Storm GT 1000M

18%

17%

1991-2000 North America Local
Storm 10-100M
1981-1990 North America Local
Storm 10-100M
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Once again, tropical cyclones and local storms represented the most significant clusters with local
storms in North America estimating damages greater than $1 billion USD from 2001-2013, and $10 ±
100 million from 1981 ± 1990 in 66% of the clustered instances. Tropical cyclones in the Caribbean
showed their impact with 34% of clustered instances representing estimated damages through $100
million USD.

3UHGLFWLYH$QDO\WLFVZLWK$UWLILFLDO1HXUDO1HWZRUNV $11 

For building a predictive model to determine the impact of the natural calamities classification model,
a multi-layered perceptron neural network was built with the following architecture to predict the
potential monetary impact by region, country and calamity.

INPUT

Region

HIDDEN

OUTPUT

Country

Estimated Dollars Range

Calamity

)LJXUH
Neural Network Architecture for Predicting Natural Calamity Impact
The multi-layered perceptron is a ³IHHG-IRUZDUG´$11that accepts input nodes (Region, Country,
Calamity) and processes them through the algorithm which maps them to a specified output
(Estimated Dollars Range). Analysis was performed on North America data only for Canada, U.S.,
and Bermuda. The model observed anomalies associated with major calamities (e.g., Hurricane
Sandy) which reduced model accuracy. To train the model, extreme events (greater than or equal to
$5000 USD millions) were removed leaving a total of 471 instances evaluated.

Sub-Type Frequency Distribution
1
1
1
1
1
4
5
6
6
8
9

Tsunami
Extratropical cyclone (winter…
Heat wave
Flash Flood
Scrub/grassland fire
Forest fire
Tropical cyclone

No. of Occurrences
28
32

Local storm
0

50

66

94

100

208
150

200

250

Discretization in Weka requesting ten bins resulted in ranges spanning approximately $417M (0-417,
417-833, 833-«-4583, > 4583). The resulting model, with 2-fold cross-validation achieved
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approximately 62% accuracy. The correct damage estimate could be determined 62% of the time
given a specific Region, Country, and Calamity Sub-Type. Figure 2 displays the receiver operating
characteristic (ROC) curve which illustrates the performance of the neural network based model.


)LJXUH
Receiver Operating Characteristic(ROC) Curve of the Neural Network Model for Predicting Natural
Calamity Impact

 6800$5<

Data science methods for extracting patterns from natural disaster data can provide insight for
understanding the economic and human impact of natural calamities. Clustering analysis identified
local storms as significant threats having aggregate costs comparable to a single widespread natural
disaster. The predictive model provided an example of applying an artificial neural network to
historical disaster data to predict future financial impact. Recent advances in cloud technologies and
numerous open source tools enable this analysis with no initial infrastructure investment. This allows
governments with limited resources to build systems based on data science and develop more
sophisticated models utilizing higher volumes of data from a variety of sources to analyze their most
challenging issues.
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